Fish stocks fluctuate both in abundance and productivity (net population increase), and there are many examples demonstrating that productivity increased or decreased due to changes in abundance caused by fishing and, alternatively, where productivity shifted between low and high regimes, entirely unrelated to abundance. Although shifts in productivity regimes have been described, their frequency and intensity have not previously been assessed. We use a database of trends in harvest and abundance of 230 fish stocks to evaluate the proportion of fish stocks in which productivity is primarily related to abundance vs. those that appear to manifest regimes of high or low productivity. We evaluated the statistical support for four hypotheses: (i) the abundance hypothesis, where production is always related to population abundance; (ii) the regimes hypothesis, where production shifts irregularly between regimes that are unrelated to abundance; (iii) the mixed hypothesis, where even though production is related to population abundance, there are irregular changes in this relationship; and (iv) the random hypothesis, where production is random from year to year. We found that the abundance hypothesis best explains 18.3% of stocks, the regimes hypothesis 38.6%, the mixed hypothesis 30.5%, and the random hypothesis 12.6%. Fisheries management agencies need to recognize that irregular changes in productivity are common and that harvest regulation and management targets may need to be adjusted whenever productivity changes.
M
odern fisheries management is predicated on a repeatable relationship between stock size and the long-term yield of fish stocks (1) , and that population production (and thus longterm yield) is best served by holding stocks within a specific range of abundance. In the United States and some other developed countries, stocks are classified as overfished when their abundance falls below this target range. At that point, fishing pressure is reduced to rebuild stocks to levels that are thought to produce the long-term maximum sustainable yield (2) . Many other national and international fishery management organizations have adopted similar approaches.
However, fish stock production often shifts between high-and low-productivity regimes unrelated to population size (3-6). Mullon et al. (7) explored the pattern of collapses of fisheries and concluded that there were often patterns "that seem to reflect interdecadal pseudoperiodic variability which remains largely unexplained." This pseudoperiodic variability could arise from a broad range of ecological factors, including changes in predator, prey, or competitor abundance, or changes in physical habitats. We term this variability "productivity regimes," not to be equated or confused with the physical oceanographic regime shifts, such as the Pacific Decadal Oscillation (8) . One well-known example of such shifts in productivity is the collapse of Northwest Atlantic cod stocks, which, for several of these stocks, was preceded by a sharp decline in productivity at relatively high abundance (9) (10) (11) . There has been substantial debate about the causes and consequences of productivity regimes across a range of fish stocks, but no systematic attempt has been made to assess the frequency and intensity of changes in productivity regimes.
Despite the dramatic example of the cod collapse and the rise of nonequilibrium or multiple-equilibrium perspectives in ecology (12) , fisheries management is still based largely on a single equilibrium worldview. Within this paradigm, interannual fluctuations of vital rates (and thus productivity) are centered on a stationary mean, and under a fixed harvest rate, populations vary around a long-term equilibrium. This paradigm, and alternatives that include regime changes in productivity and random productivity, should be challenged with data.
If changes in productivity were generally unrelated to abundance, this would have significant consequences for fisheries management. First, one of the primary economic arguments for rebuilding overfished stocks would be negated; if greater population biomass is not associated with higher sustainable harvests, there is much less economic reward to offset the cost (in foregone harvest) of rebuilding. Even though there are often other reasons why larger stock sizes and low fishing pressure provide economic or ecological benefits (13), a major argument for rebuilding depleted stocks has been the promise of higher sustained yield in the future. Second, if fish populations experience substantial shifts in productivity unrelated to stock size, management based on a single set of management targets (e.g., maximum sustainable yield) will be either inefficient or risky. If the targets are based on a higher productivity regime, a shift to a low-productivity regime will result in increased risk of overfishing. Conversely, management targets based on a lower productivity phase will result in overly cautious harvest during regimes of high productivity.
There was a lively debate about the relationship between population size and the resulting number of young fish that began in 1950 and lasted into the 1990s. Many argued that there was little relationship between the two and that fishing down stocks to low abundance did not lower the number of new fish that subsequently entered the population (recruitment) (14) . In the 1990s, Myers and coworkers (15, 16) used several hundred datasets of stock size and recruitment to show there was indeed a statistical relationship between the two: Very low abundance begat lower recruitment. Gilbert (6) challenged these conclusions and argued that the apparent relationship between stock size and recruitment was often spurious. Periods of high and low recruitment that are unrelated to abundance result in high stock size during high recruitment and low stock size during low recruitment. Gilbert (6) noted that in many of Myers and coworkers' datasets (15, 16) , recruitment dropped to low levels even though stock sizes were high, and it is the low recruitment that causes the decline in stock size rather than the other way around. *This Direct Submission article had a prearranged editor. 1 To whom correspondence may be addressed. E-mail: vertprek@u.washington.edu or rayh@uw.edu.
The production of sustainable yield depends not only on recruitment but on the growth of young fish and survival from natural mortality. To understand changes in productivity, we need to look at all three processes. Surplus production, the net change in biomass from one year to the next in the absence of fishing, incorporates recruitment, growth, and natural mortality, and it can easily be calculated from available fish stock assessments (17) .
Worm et al. (18) assembled a database with the history of abundance and catch from published assessments that now includes 355 stocks (19) . There is sufficient information on 230 stocks in these data to calculate the history of surplus production for each year, defined as the change in total biomass plus the catch for the year. We pose four competing hypotheses: (i) the abundance hypothesis, where production is always related to population abundance through a biomass dynamics model; (ii) the regimes hypothesis, where production shifts irregularly between high-and low-productivity regimes that are unrelated to abundance; (iii) the mixed hypothesis, where even though production is related to population abundance, there are irregular changes in this relationship; and (iv) the random hypothesis, where production is random from year to year and is not explained by either productivity regime changes or population abundance. These four models can best be thought of as broad classes of models, and embedded within each is a range of different ecological Fig. 1 . Surplus production data plotted against model predictions showing individual fish stocks best explained by the abundance (A-C; Atlantic cod in the Kattegat and Skagerrak), regimes (D-F; Atlantic cod in Iceland), mixed (G-I; Petrale sole from Southern California), and random (J-L; common European sole in the Kattegat and Skagerrak) hypotheses. The first column is the fit under the abundance model, the second column is the fit under the mixed model, and the third column is the fit under the regimes model or, if no breakpoints are found, the random model (l). The area shaded in each pie diagram shows the AIC weight assigned to each model, such that a pie diagram that is 90% shaded indicates that 90% of the AIC weight was assigned to that model. mt metric tons. Points are shaded from dark (earliest data) to light (latest data).
relationships and processes that could lead to the dynamics described by the model. Our fundamental question is how frequently each hypothesis provides the best explanation for the changes in observed production. The statistical support for each hypothesis was assessed using the Akaike Information Criterion corrected for small sample size (AICc), and simulation tests were also performed to evaluate the robustness and bias of the model selection criteria used here.
Results
Using a "winner takes all" approach, for 18.3% of stocks, production was best explained by the abundance hypothesis (e.g., Kattegat and Skagerrak cod; Fig. 1 A-C), and 38.6% of stocks were best explained by the regimes hypothesis (e.g., Icelandic cod; Fig. 1 D-F) . For 30.5% of stocks, production was best explained by the mixed hypothesis (e.g., Petrale sole from Southern California; Fig. 1 G-I), and for 12.6% of stocks, the random hypothesis received the most support (e.g., common European sole in the Kattegat and Skagerrak; Fig. 1 J-L). Using the "relative support" approach, where AICc weights are summed for each hypothesis, the relative support for the four hypotheses was similar to the winner takes all approach (Table 1) , with 16.1% for the abundance hypothesis, 41.3% for the regimes hypothesis, 28.3% for the mixed hypothesis, and 14.3% for the random hypothesis.
Results from simulation testing of the hypothesis testing statistics suggest that there is a slight tendency to overclassify stocks as being from the regimes and random hypotheses and to underclassify stocks as being from the abundance and mixed hypotheses (Table 2) . Nevertheless, models that include shifts in regimes in production between high and low states, either with or without an abundance effect (regimes and mixed models), constitute 72% of the stocks after adjusting for estimation bias compared with 69% before the correction (Table 1) . For the mixed hypothesis, 80% of the variation in production explained by the model is attributed to the changes in the productivity relationship and only 20% is due to changes in abundance.
It is possible that model selection is dependent on the intensity of exploitation. For instance, if a stock has never been intensively exploited or it has not varied over a significant range of stock sizes, we would not expect abundance to explain differences in production. We classified stocks into four categories of abundance (collapsed, overfished, fully exploited, and developing) based on the ratio of their abundance in the last year of the time series to their abundance at the maximum sustainable yield. Contrary to expectation, the proportion of stocks best explained by the abundance hypothesis is actually lower for collapsed and overfished stocks (14% and 10%, respectively) than for stocks that are less depleted (22% for fully exploited and 13% for developing). Also, there is no significant relationship between historical variability in abundance and the proportion of stocks explained by alternative models.
We identified a total of 314 productivity shifts from the 160 stocks in which the preferred model included changes in productivity (regimes and mixed). We calculated the relative change in production as the absolute change (in tons) between high-and low-productivity periods divided by the average production across all years for that stock. We found that positive changes were as common as negative ones (160 increases vs. 154 declines; Fig. 2 ). The bimodality in Fig. 2 is due to the fact that the algorithm for selecting changes does not readily identify small changes.
Discussion
Caddy and Gulland (20) suggested that the production of fish stocks could be divided into four classes (regular, cyclical, irregular, and spasmodic) and that "To be successful, fishery assessment and management must take these patterns into account." Caddy and Gulland's regular stocks were characterized by repeatable relationships between stock size and production (20) . Our analysis suggests that these "regular" stocks are only about one-quarter of all the fish stocks for which we have data.
Fisheries management in the United States, and increasingly elsewhere, uses biomass as management targets, and consequently will reduce exploitation when stock sizes decline and generally will attempt to stop all directed harvesting when stocks reach low abundance. Exploitation and biomass targets are primarily designed to maintain the stock biomass in a range that will produce the maximum sustained yield. Increasingly, however, these targets are being shifted toward higher biomass to increase profit and lower fishing effort to reduce ecosystem impact (21) . Conventional wisdom and scientific and political expectations tell us that maintaining these levels of biomass will ensure production of the stocks. In the same vein, the population abundance hypothesis predicts that if we lower the catch to rebuild stocks, higher sustainable harvests will follow once stocks are rebuilt.
However, if the production of a stock is determined by productivity regimes and stock assessments do not account for the shift in productivity, the underlying management theory with respect to sustainable yield is incorrect. In this case, holding stocks at high levels of abundance and rebuilding depleted stocks will not necessarily result in increased yields in the future. Although the economic and environmental benefits of rebuilding abundance and reducing fishing pressure are certainly valid, the benefits of increasing abundance are significantly changed.
In current US management, the allowable catches of many species are limited by incidental catch of stocks that are under rebuilding plans. Current legal mandates to include many more species in the regulatory system, combined with the overfishing definitions and rebuilding requirements, suggest that existing fisheries will be increasingly constrained and limited by stocks that are at low abundance. Our analysis suggests that many stocks will be at low abundance because of shifts in production. Thus, unless the management system changes or we greatly improve our ability to target individual species, current legal mandates will likely lead to major reductions in fisheries yields. However, when production changes from high to low, the catch must be lowered. Stocks in low-production regimes cannot support the same yield as stocks in high-production regimes. Theoretical studies have suggested that the best approach to fluctuating production may be to harvest a constant fraction of the stock that is determined by averaging across the range of production (22, 23) or to adjust the exploitation rate based on recent recruitment (24, 25) . All these studies found that rigid harvest control rules that dramatically lower exploitation rates at low population sizes sacrifice a significant amount of harvest.
Oceanographic regime shifts have been identified as important drivers of fish production in many regions, including the North Pacific (8), Tropical Pacific (26), and North Atlantic (27) . However, we have found no obvious correlation between oceanic regime shifts and changes in productivity of individual stocks. Changes in a single stock's productivity can be due to a wide range of factors influencing recruitment, survival, or growth. Each of these may be influenced by physical changes in the environment as well as by changes associated with food, competitors, or predators. Because we know from the long-term historical record that fish stocks fluctuate considerably in abundance in the absence of fishing (5, 28), it should be expected that changes in abundance or in predators and prey of any species would lead to changes in their productivity. It is not at all clear that one should expect a direct causal relationship between physical changes associated with oceanic regime shifts and shifts in productivity of fish stocks.
Each of our four models describes a general class of behavior that can arise from a wide variety of mechanisms. For instance, the regimes model or mixed model could result from a major change in prey or predator abundance, and the impact of prey and predators on recruitment, growth, and survival could be explicitly modeled. A wide range of such models could generate what we interpret as shifts in productivity. Ecologists have long used such general models (e.g., the logistic growth model), which incorporate a wide range of mechanisms that have similar population level consequences. The logistic growth model, for instance, can represent density dependence in births, survival, or individual growth rates. It also seems likely that shifts in productivity are not necessarily step functions but might occur more gradually. Our regimes model and mixed model are simplifications necessary to confine our analysis to a manageable number of competing hypotheses.
The stock assessment database on which this analysis is based is a nonrandom sample of fish populations (19) , and it is dominated by heavily exploited stocks. The biases this might create, however, would generally be in the opposite direction of the observed results. Heavily exploited stocks presumably have undergone more declines in abundance than lightly exploited stocks, and thus provide more contrast that the population abundance model must explain. Stock assessments are generally more available for developed countries and underrepresent fish populations in tropical regions.
Future work should evaluate a wide range of harvest strategies for robustness to uncertainty in the basic causes of production. Additional work should also look to the physical and biological factors that explain the changes in production and examine patterns of covariance (positive or negative) in productivity across populations (29, 30) or species (31) in an ecosystem. Although there may be little that fishery managers can do to avert shifts to a lower productivity state, improved methods for early detection of such shifts (32) may permit managers to reduce harvest in time to avoid collapse.
Methods
Data. Time series of biomass, catch, and fishing rate were extracted from the RAM Legacy Stock Assessment Database (19) for 355 stocks on December 10, 2010. Only 279 stocks had no missing data points within the time series; thus, these stocks were initially selected for analysis. A total of 49 of the 279 datasets were excluded from the analysis for the following reasons: for 8 stocks, the units of biomass and catch were not in the same units; 24 stocks had a time series of less than 20 y; and for 17 stocks, the estimated stock total biomass was the result of a deterministic model and was, by definition, a function of stock biomass. The analysis was thus completed with 230 stocks.
Alternative Models Considered. Surplus production is defined as the net change in biomass plus harvest (17):
where S t is the surplus production over year t, B t is the stock total biomass at time t, and C t is the catch removed between times t and t + 1.
To test if surplus production is related to biomass, a Fox surplus production model (33) was fitted to the data. The Fox model was chosen rather than the more well-known Schaefer (logistic) model because recent metaanalysis has determined that the shape of the productivity vs. biomass relationship is closer to that specified in the Fox model (34). The Fox model (35) can be written as follows:
whereŜ t is the predicted surplus production over year t, B ∞ is the carrying capacity, m is the maximum sustainable yield, and e is the base of the Naperian logarithm (2.718). Productivity shifts are defined for our use as the change in surplus production from one state to another. For the regimes hypothesis, the challenge is to estimate the years when the productivity shifted (called breakpoints). We used the sequential t test analysis of regime shifts (STARS) (36, 37) , which has been widely employed in similar applications (25) . The STARS method estimates a series of breakpoints that mark the first year of each flip in productivity. In general, this method involves searching over all possible breakpoints, using the Student t test to identify candidate breakpoints by testing for a significant change in the mean value of the time series, and change in productivity then reevaluating these candidate points in the context of all other breakpoints. This algorithm is described in detail by Rodionov (36) . The predicted surplus production for each year within regime i is simply the average surplus production during that regime:
where f i is the first year of period i, S i is the predicted average surplus production in period i, and S j is the surplus production in year j. The mixed model combines the effect of the biomass on the stock and productivity shifts. For the mixed model, the estimated years at which breakpoints happened were determined using the regimes model. To test if surplus production is related to biomass and productivity shifts, a productivity shifting surplus production model was fitted to the data. It assumes that carrying capacity is independent of time but maximum sustainable yield is shifting between alternative regimes states; thus, the exploitation rate that produces a maximum sustainable yield shifts between higher and lower values:
where m i is the maximum sustainable yield in each period i. The random production model assumes that the variability in the data is explained neither by fishing nor by changes in productivity; thus, the predicted surplus production in any year is simply the average surplus production over all years:
Parameter Estimation. For all models, the set of parameters that maximizes the likelihood was found by assuming that process error and the observed surplus production are normally distributed:
; [6] whereŜ t is the predicted surplus production under each model for year t; σ is the SD of the surplus production about the model prediction, andθ are the parameters for each model. The parameters (B ∞ , m, and σ) of the Fox model were estimated by nonlinear function minimization in AD Model Builder (ADMB) v10.1 (http:// admb-project.org/).
Parameters of the regimes model (S i , f i , and σ) were estimated using a sequential t test analysis in R with two "tuning parameters" used as inputs: the minimum duration of a regime, known as the "cutoff-length," and the significance level for the t tests. We used a cutoff-length of 10 y and a significance level for the t test of 0.1. Thus, the shifts are more likely to be at least a decade long, although the algorithm often chose shorter regimes at the beginning and end of the time series. Once the breakpoints were determined, the average production during each period was calculated and the value of σ was determined analytically.
The parameters (B ∞ , m i , and σ) of the mixed model were estimated by nonlinear function minimization in ADMB v10.1 using the breakpoints estimated in the regimes model. For the random model, the average production was calculated from Eq. 5 and σ was determined analytically.
Model Selection. The comparison of the four models used the AICc (38) , which identified the most parsimonious model. AICc weights were also calculated and can be interpreted as the relative support of data for each model (39) . The AICc was calculated as follows:
where L is the likelihood of the data given the parameters, k is the number of parameters, and N is the number of data points. The preferred model is the one with the lowest AICc.
The Fox model has three parameters (m, B ∞ , and σ). The number of parameters in the regimes model varies, with one parameter for the average surplus production during each period, one parameter for each breakpoint, and an additional parameter representing the value of σ. The mixed model has one parameter for each breakpoint, one parameter for each m, and two additional parameters (B ∞ and σ). The null model has two parameters: the average surplus production and σ. To calculate the AICc weights, we first calculate the difference between the best model and each model i (Δ i ):
The weights for each model (w i ) were calculated from the Δ i .
w i = e −0:5Δi Fig. 1 shows examples of datasets in which each of the alternative models was preferred.
Testing of the Methods. To verify the reliability of the model selection method and to correct for any misclassification, four simulation-based evaluations were run using data generated from the abundance, regimes, mixed, and random models and were then subjected to evaluation using each of these four models. The simulation procedure is described below using process errors.
Datasets were generated for each of the four hypotheses. For each simulation, the parameters were drawn from stocks that were best explained by the particular underlying hypothesis. Thus, we selected data from 37 stocks for the abundance model, 95 stocks for the regimes model, 33 for the random model, and 65 for the mixed model. Then, for each stock, 20 stochastic replicate datasets were generated. The initial biomass of each simulation was the value of the initial biomass in the first year of the dataset. The exploitation rate, U t , for every year was calculated from the data used in our analysis:
where U t is the exploitation rate at time t.
The biomass was simulated for the Fox model using Eq. 11: where m i is the maximum sustainable yield for period i obtained by fitting the mixed model, B ∞ is the carrying capacity obtained by fitting the mixed model, « is the normal process error [« ∼ Nð0; σÞ], and σ is the parameter obtained by fitting the mixed model. Given the new series of C and B , the surplus production from the simulated data were calculated using Eq. 1.
The random, regimes, mixed, and abundance models were fitted to the simulated series of surplus production, and the AICc was used to select a best model for each dataset. The "classification rate" was calculated as the number of stocks best explained by each model divided by the number of stocks simulated.
